On the Amenability and Suitability of Ant Colony Algorithms for Convoy Movement Problem  by Krishna, Kasinadhuni Shyama & Kumar, P.N. Ram
 Procedia - Social and Behavioral Sciences  189 ( 2015 )  3 – 16 
Available online at www.sciencedirect.com
ScienceDirect
1877-0428 © 2015 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license 
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
Peer-review under responsibility of the scientific committee of XVIII Annual International Conference of the Society of Operations 
Management (SOM-14).
doi: 10.1016/j.sbspro.2015.03.187 
XVIII Annual International Conference of the Society of Operations Management (SOM-14) 
On the amenability and suitability of Ant Colony Algorithms for 
Convoy Movement Problem 
Kasinadhuni Shyama Krishnaa,*, P N Ram Kumarb 
aDepartment of Industrial and Systems Engineering, Indian Institute of Technology Kharagpur, Kharagpur - 721302, India 
bQuantitative Methods and Operations Management, Indian Institute of Management Kozhikode, Kozhikode - 673570, India  
Abstract 
Convoy Movement Problem (CMP) is a network optimization problem which consists of routing and scheduling military convoys 
between specific origin-and-destination pairs adhering to certain strategic constraints. This being an NP-hard problem intrinsically, 
the practical difficulty in obtaining exact solutions even for problems of modest size necessitates for quick solution procedures. As 
there is hardly any work related to the usage of Ant Colony Optimization (ACO) algorithms on CMP in the literature, this study 
examines the efficacy of ACO on CMP. The proposed version of ACO considers multiple ant colonies and introduces penalties 
while updating the trail as well as in the objective function whenever there is a violation of certain constraints. In this algorithm, a 
separate ant colony with unique pheromone deposits is assigned to each convoy and accordingly the trail of each colony is updated 
disregard to the pheromone trails of other colonies. The results obtained from this procedure are quite encouraging for a good 
number of problem instances. Sensitivity analysis is performed to assess the relationship between the number of ants (N) present 
in each colony, quality of the final solution and computational time. Lower the value of N, better the computational time but the 
quality of solution declines if N is chosen less than a certain threshold value due to insufficiency of ants. 
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1. Introduction 
1.1. Convoy Movement Problem (CMP) 
To undertake missions such as armed conflict, humanitarian relief and peacekeeping, defense establishment would 
need to move large number of personnel and equipage from their home bases to the regions of conflict, threat or crisis 
as swiftly as possible. During the process of military deployment, each unit moves as a convoy, consisting of fleet of 
vehicles which include food, clothing, medicines and personnel involved in support services apart from arms and 
ammunition. The group of vehicles in each convoy travel nose to tail with a gap of 50-100m between them. Each 
convoy is associated with an origin-and-destination pair between which it has to travel across a limited route network 
to achieve the objectives of the mission. Specially designed high capacity transporting vehicles, called as transporters 
are used to carry Armored Fighting Vehicles (AFVs) such as tanks and armored personnel carriers in order to reduce 
the physical wear and mechanical failures that might occur to them when moved directly over the ground. During 
emergency situations like wartimes or calamities, convoys continue to move until they reach their respective 
destinations without halting en route except for very few minor halts for food or out of fatigue. However, during 
peacetimes, the convoys are allowed to halt at nodes for considerable amount of time as and when required depending 
on time and several other traffic risks with an intention to have the least disruption of regular activities. 
 
The term conflict is referred to a circumstance where two or more convoys cross each other along the same road 
(edge), which is strictly forbidden. Moreover, when two convoys travel along the same road in the same direction, the 
roads (edges) may not have enough load bearing capacity and/or width to accommodate two convoys simultaneously. 
Hence, a minimum headway has to be maintained between them to avert accidents. This problem of efficient planning 
of the movement of convoys from their respective source nodes to the corresponding destination nodes in order to 
minimize the sum of arrival times of all the convoys at their respective destinations adhering to certain strategic 
constraints like, no convoy stops en route and no two convoys cross or overtake each other along the same road with 
the minimum headway time always being maintained is known as Convoy Movement Problem (CMP). 
1.2. Ant Colony Optimization (ACO) 
Ant colony optimization is a meta-heuristic technique which uses artificial ants to find solutions to combinatorial 
optimization problems. It is a part of larger field of swarm intelligence in which scientists study the behavior patterns 
of ants, bees and many other social insects in order to simulate the processes. The artificial ants which mimic the 
behavior of real ants possess enhanced abilities such as 
x Knowledge about distance to other locations 
x Not being completely blind. 
x Memory of past actions. 
x Living in an environment where time is discrete. 
A chemical substance known as pheromone trail is responsible for the communication among the ants. When an 
ant travels, it lays a constant amount of pheromone along the path, thus marking the path by a trail of this substance. 
When each ant moves in a somewhat random fashion and encounters a pheromone trail along a path, there is a high 
probability that it follows the path. Thus it reinforces the trail with its own pheromone and increases the probability 
of the next ant choosing the path. Therefore, the more ants that travel on a path, the more attractive the path becomes 
for subsequent ants, similar to autocatalytic behavior. Hence, the process is characterized by a positive feedback loop, 
where the probability with which an ant chooses a path increases with the number of ants that previously chose the 
same path. 
Secondly, an ant using a shorter route to a food source will return to the nest sooner and therefore, mark its path 
twice, before other ants return, which directly influences the selection probability of the next ant leaving the nest. 
Over the course of time, as more number of ants traverse through the shorter paths, faster accumulation of pheromone 
takes place along these paths. The evaporation of pheromone makes routes less desirable to travel. However, with the 
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continued random selection of paths by individual ants, alternate routes are discovered and successful navigation is 
insured around the obstacles that interrupt a route. Hence the general ACO simulates the behavior of ant colonies in 
nature as they forage for food and finds the most efficient routes from their nest to food sources based on the 
pheromone trials laid by the ants. 
 
As CMP is an adaptation of the model proposed by Higgins et al. for scheduling trains on single track, which has 
been proved to be an NP-Hard, the necessity for quick solution procedures is due to the practical difficulty in obtaining 
exact solutions even for problems of modest size. For such problems, the use of heuristics is considered to be a 
reasonable approach in finding solutions and this work proposes a meta-heuristic algorithm which is a modified Ant 
Colony Optimization (ACO) based on multiple ant colonies. In this work, we consider the CMP during wartime and 
allocate a unique ant colony to each convoy i.e., the pheromone trial of each ant colony is distinct. Accordingly, the 
trial of each ant colony is updated disregard to the pheromone trials of other ant colonies. Moreover, penalties are 
considered while updating the trail and in the objective function whenever there is a violation of the constraints. 
 
The remainder of this paper is organized as follows: Section 2 presents a brief literature review. Section 3 provides 
a detailed description of the proposed ACO algorithm, followed by the test data sets used to illustrate the performance 
of it in Section 4. While Section 5 analyzes the results obtained, Section 6 and 7 discusses the scope for further work 
and summary, respectively. 
2. Literature review 
The literature available on Convoy Movement Problem is sparse. The models that address the problem of convoy 
routing and scheduling are categorized under the name of military mobility models. Only the models that are 
considered to be most relevant to CMP are presented here. 
 
Bovet et al. (1991) proposed a convoy scheduling problem for scheduling the movements of a collection of convoys 
along the same road to reach different destinations. The movements were subjected to two key constraints, namely, 
(i) each convoy has to depart from its origin during a pre-specified time window and (ii) Convoys must not pass or 
cross each other along the road. Two formulations were proposed for this problem: one, based on integer programming 
and the other, based on graphs. Tabu search was used in solving the problem and compared with a mixed integer 
programming package.  
 
Lee et al. introduced the convoy movement problem and described three approaches for minimizing the total travel 
time and the travel span of convoys: 
1. A branch-and-bound algorithm for solving a basic version of the CMP with delays. 
2. A hybrid approach based on Genetic Algorithms (GA) and branch-and-bound (GA to compute the delays and 
B&B algorithm to compute the paths) 
3. A pure GA based approach to compute the delays as well as paths associated with convoys. 
All the proposed approaches were tested on hypothetical data as well as on real life scenarios. The authors 
concluded that incorporating start delays improves the quality of the convoy routes. They stated that the quality of the 
solutions could enhance further by allowing delays at certain intermediate nodes. 
 
Based on the concept of a time-space network for a simplified version of the model, Chardaire et al. introduced an 
integer programming model. Lagrangian relaxation was applied and the dual function was evaluated using a modified 
version of Dijkstra’s algorithm. Though the authors acknowledged the existence of constraints against crossing and 
overtaking, they had simplified their model by dropping them. They suggested the development of mathematical 
models incorporating convoy waiting at intermediary nodes as a possible extension to their work. Kress addressed a 
related problem of moving military units quickly and efficiently from one zone to another using transporters that carry 
the armored fighting vehicles (AFVs). Three generic transportation strategies were examined by the authors, viz., 
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Fixed unloading point, Variable unloading point and Flexible strategy in which both loading and unloading points 
may vary from one tour to another. The efficiency of each specific transportation plan, within a given generic strategy 
was evaluated on the criterion of minimum accumulation time. 
 
Akgun and Tansel introduced the Deployment Planning Problem (DPP) which can be defined as the problem of 
planning the physical movement of military units stationed at geographically dispersed locations from their home 
bases to their destinations, subject to the constraints on routing, scheduling and on various types of transportation 
assets. A mixed integer program model was proposed where the problem begins at a point when the routing decisions 
have been already taken and focus is on the optimization of transportation. Assuming convoys to be of zero length, 
they considered an online version of the CMP, where convoy demands arise dynamically over time and proposed 
approximate algorithms for solving the problem. 
 
Noting that there is hardly any usage of ACO algorithms on CMP and most of the existing models solve the problem 
by relaxing critical constraints, this work proposes a modified ACO algorithm by considering all the strategic 
constraints of CMP based on the model developed by Kumar and Narendran in Integer Programming formulation for 
Convoy Movement Problem. 
3. Modified Ant Colony Optimization (ACO) algorithm 
3.1. Overview 
In this work, a separate ant colony with unique pheromone deposits is assigned to each convoy. Unique pheromone 
deposits imply that, the route of an ant of a particular ant colony is dependent on the pheromone trail of that ant colony 
only and the pheromone deposits of other ant colonies play no part in determining the route of this ant. The main 
reasoning behind the consideration of multiple ant colonies is that the routes of the convoys are independent of each 
other except for a few constraints, viz.: 
a) No-overtaking constraints. 
b) No-crossing constraints. 
These are taken care by introducing penalties while updating the trail as well as in the objective function, whenever 
there is a violation of the above two constraints. 
3.2. Route construction 
During the initialization phase, all the edges are filled with an initial trail of some value. The respective source 
nodes and the destination nodes of all the ants for a particular ant colony are the same. The first element in the tabu 
list of all the ants of each colony is set to the corresponding source node of the ant colony. Every tabu list of an ant 
consists of the nodes already visited by the ant. Thereby, it is taken care that the already visited nodes are not re-
visited. The tabu lists of each ant are updated until all the ants reach their respective destination nodes. A transition 
probability function determines the node to be traversed from the present node. It consists of two desirability 
measures, namely, trail (W) and visibility (K). Trail is the pheromone deposit of the ants of the considered ant colony 
along the edge and visibility is the reciprocal of distance of the edge. The probability function which is responsible 
for the route construction is, 
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where, ߬௜௝௖  is the amount of pheromone trail of cth ant colony along the edge (i,j); ߟ௜௝ is the visibility factor along the edge (i,j); 
ݐܾܽݑ௖௞ is the tabu list of kth ant of cth colony; α and β are the parameters that control the relative importance of the trial versus 
visibility; ݌௜௝௖௞ is the transition probability from node i to node j for the kth ant of cth colony. 
 
Accordingly, for each set of probabilities from the present node to the rest of the untraversed nodes, a random 
number between 0 and 1 is generated. The probabilities are added cumulatively and the node, at which the sum exceeds 
the random number, is selected to be the node to be traversed next. This random procedure helps in exploring the 
routes untouched by giving more weightage to the probabilities. 
 
After the tabu lists of ants of all colonies are filled completely until their respective destination nodes, the tour 
lengths of all the ants are computed.  
3.3. Computation of penalties and objective function 
An ant representing a convoy is selected from every ant colony making up a combination. Thus there is only one 
ant from an ant colony in a combination. All the possible combinations are generated and for each such combination, 
penalties are computed whenever there is a violation of the two constraints stated above. Both penalties and objective 
function are calculated for every combination. 
 
Identification of violation of constraint a: 
 
As each ant colony represents a convoy, for a pair of ant colonies in a particular combination, if there exists a 
common edge among them and if the difference in the time taken to travel from the respective initial nodes to the 
common node for both the ants is less than the minimum headway time then, a penalty is assigned to the pair of ant 
colonies. Likewise, the penalties are computed for all possible pairs of ant colonies and are summed up to give the 
overall penalty in violating the no-overtaking constraint in the combination. 
 
Identification of violation of constraint b: 
 
Similar to the estimation of penalty for the constraint a, for a pair of ant colonies in a particular combination, if an 
edge is common to the two ants and if the difference in the time taken to travel from the respective initial nodes to a 
node of the common edge for both the ants is less than the time taken to traverse through the common edge, then a 
penalty is assigned to the pair of ant colonies. The sum of penalties of all possible pairs gives the penalty in violating 
the no-crossing constraint in a combination. 
 
The sum of the tour lengths of all ant colonies and the penalties gives the value of the objective function (H) for a 
combination. For all the combinations, objective function is computed and the minimum of all is finally stored in H. 
3.4. Trial updating 
The pheromone trails of the ants are to be updated to reflect the ant’s performance and the quality of the 
solutions found. This updating helps in the improvement of subsequent solutions and is a key element to the adaptive 
learning technique of ACO. After the completion of a cycle, the trail is updated according to the following equation. 
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where, ο߬௜௝௖௞is the quantity per unit of length of trail substance laid on edge (i,j) by the kth ant of the cth colony and max_ants is 
the total number of ants in each ant colony. 
 
Here, among all the generated combinations, the best combination in which the objective function takes the 
minimum value is chosen. ο߬௜௝௖௞is calculated only with respect to the corresponding best ant(k) in each colony in the 
following manner. 
For every colony ‘c’, 
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here, k is the best ant of cth colony corresponding to the best combination only. ܳ is a constant, ܮ௖௞ is the tour length of the kth 
ant of cth colony. ܩ௖ is the total penalty due to the two constraints by the cth colony in the best combination. i.e., it includes the 
penalties of the pairs of ant colonies in which the colony ‘c’ is present. ܮ௠௔௫ is the maximum tour length among all the ants and ܯ 
is the minimum penalty. 
 





൘  is given to account for the positive updating of trial along the edges in which conflicts/overtaking are 
present and hence to explore the untouched edges. i.e., if there are any violations of the constraints, ܩ௖would be 
greater than or equal to ܯ and the trail is incremented along the traversed edges to a little extent even when there 
are conflicts/overtaking. Since these are to be strictly avoided, this value is given to the untraversed edges in order to 
counterbalance the increment of the trail when there are violations. 
 
This updating encourages the use of shorter routes along which there are no violations of the constraints and the 
probability that the subsequent routes include the arcs contained in the best solution, increases. For a predetermined 
number of iterations, this process is repeated and the best solution from all of the iterations is presented as an output 
of the model, which represents a good approximation of the optimal solution for the problem. 
3.5. Algorithm 
1. Set an initial value of trial over all the edges present and set NC = 1. 
2. Clear all the elements of all tabu lists and set the source node of each convoy as the first element of tabu lists 
of all ants of the colony corresponding to the convoy. 
3. Find all the probabilities from the present node to the rest of the untraversed nodes for an ant. 
4. Generate a random number R between 0 and 1. 
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5. Add the probabilities cumulatively until this value V exceeds the random number generated. 
6. Set the node at which the value V exceeds R to be the next node in the tabu list. 
7. Perform the steps 3 to 6 until the ant reaches its destination node. 
8. Repeat the steps 3 to 7 for all the ants of all ant colonies. 
9. Calculate the tour lengths for all the ants from their tabu lists. 
10. Generate all possible combinations (e) by selecting an ant from each colony. 
11. Set pen1ecd = 0 and pen2ecd = 0 for all combinations(e) and pairs of colonies(c,d) ; c≠d 
12. Set h1 = 0 and h2 = 0 
13. For a pair of colonies (c,d), if the difference in the time taken to travel from the respective initial nodes to a 
common node for both the ants is less than the minimum headway time provided a common edge exists, 
assign a penalty of M to the pair of ant colonies as pen1ecd = M 
14. If the difference in the time taken to travel from the respective initial nodes to a node of a common edge for 
both the ants is less than the time taken to traverse through the common edge provided the common edge 
exists, assign a penalty of M to the pair of ant colonies as pen2ecd = M 
15. Perform the steps 13 and 14 for all common nodes of the pair of ant colonies as,    
 pen1ecd = pen1ecd + M  and   pen2ecd = pen2ecd + M 
16. Repeat the steps 13, 14 and 15 for all possible pairs of ant colonies (c,d) ; c≠d 
17. Sum the penalties of all pairs of colonies (c,d) ; c≠d      
 h2 = h2 + pen1ecd + pen2ecd  
18. Sum the tour lengths of all ant colonies c.       
 h1 = h1 + Lck   where k is the ant of colony c in a combination. 
19. Compute the value of objective function as        
 He = h1 +h2 
20. Repeat the steps 12 to 19 for all the generated combinations (e) 
21. Chose the value of H as min {He} for all e; i.e., the minimum value among all of them is selected as the value 
of H and the corresponding combination as x. 
22. For c =1 to n do, for the best combination x,                                    
 for d =1 to n do,         
 Set ܩ௖=0; ܩ௖ = ܩ௖ + pen1xcd + pen2xcd i.e., compute the penalties due to colony c 
      if edge (i,j) is traversed by kth ant of cth colony, set   ο߬௜௝௖௞ = ܳ ሺܮ௖௞ ൅ ܩ௖ሻൗ      
 else, set   ο߬௜௝௖௞ = ܳ ሺܮ௠௔௫ ൅
ெ
ଶሻ
൘   ;where k is the ant in the combination x 
23. For c=1 to n do,          
 set ο߬௜௝௖  = ο߬௜௝௖௞ ; as only one ant is present in each ant colony in a combination. 
24. Update the trail according to the following equation for all ant colonies(c) and edges(i,j):  
 ߬௜௝௖ ൌ ߩ൫߬௜௝௖ ൯ ൅ο߬௜௝௖ ;        and  NC = NC + 1  
25. Repeat the steps 2 to 24 until NC ≤ NCmax 
26. Print the smallest value of H found among all the cycles which is the final result. 
4. Test data sets 
Each data is characterized by the total number of nodes and the total number of convoys. A total of 90 problem 
instances were randomly generated with 9 distinct network sizes ranging from 10 nodes and 3 convoys to 45 nodes 
and 9 convoys, each consisting of 10 problem instances. Arc Density Factor (ρ) determines the sparseness of the 
10   Kasinadhuni Shyama Krishna and P.N. Ram Kumar /  Procedia - Social and Behavioral Sciences  189 ( 2015 )  3 – 16 
networks generated. It is defined as the ratio of degree of a node to the total number of nodes in the network. It governs 
the connectivity of a node to the rest of the nodes. 
   Table 1. Network sizes 
































In this work, a value of 0.8 is chosen to be the maximum arc density factor for all the networks. The value of node-
convoy ratio which is the ratio of number of nodes to the number of convoys varies between 3 and 5 for the various 
networks generated. The time taken to traverse between any two interconnected nodes varies from 100 units to 1000 
units and the minimum headway time between two convoys is chosen to be 200 units in the data obtained. 
5. Experimentation and analysis of results 
As the network size of the problem increases, the total number of possible combinations increases immensely due 
to the need in increasing the total number of ants in each colony with the network size, which in turn poses a challenge 
to a processor of limited capacity for computation of the algorithm. The computational time also increases with the 
total number of possible combinations. If the total numbers of ants in each ant colony are insufficient in number, then 
the resulting solutions may not be as good as expected since the possible routes that they traverse reduce. To a machine 
of limited capacity and RAM, the total number of ants which it can handle, reduces with increase in the network size 
of the problem, thereby reducing the accuracy of the solutions. Further, if the total ants in each colony are sufficient 
in number, which is a characteristic depending on the network size of the problem, then the quality of the solutions 
doesn’t improve on further increment of the total number of ants. 
 
All the generated problem instances were solved using ILOG CPLEX 12.6 optimizer by allowing them to run until 
the desired optimal criterion is attained. The modified ACO meta-heuristic was coded in ANSI C language and all the 
instances were solved using an Intel Core i3, 32bit 3.3GHz processor with 2GB of RAM. The results are summarized 
in tables 2 and 3. Table 2 gives the comparison of the solutions generated using modified ACO to those of the optimal 
solutions generated using CPLEX. Due to the unavailability of powerful computers, the total number of ants in each 
ant colony for the networks N6, N7, N8 and N9 couldn’t be given beyond 7, 5, 4 and 4 respectively, whereas 10 ants 
were given in each colony for the rest of the networks. The effect of insufficiency of ants in the former networks is 
clearly seen in the % Gap obtained. Table 3 gives the contrast between the total number of ants, quality of the solution 
and computational time. With decrease in the total number of ants beyond a certain threshold value, though the 
computational time decreases, the quality of the solutions is affected because of insufficient number of ants. The run 
times for certain instances, where solution doesn’t improve after certain cycles could be reduced by terminating the 
process instead of running them for a predetermined number of iterations as done in this work. 
 
As it is only the quantity trial in the probability function which considers the violations of constraints, α was given 
a larger value than β apart from the conventional values of ACO. Depending on the total number of ants, α was chosen 
to be between 9 and 12 whereas β was between 2 and 3. ρ was set to be 0.8 and Q was given a value between 20 and 
100. CPLEX couldn’t terminate with an optimal solution beyond a problem size of network N9 under a stipulated 
time of 8 hours and hence only these network sizes were considered. 
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Table 2. Summary of results for the generated networks using Modified ACO 























































































































































































† % Gap = ((ACO solution - optimal solution)/optimal solution) X 100 
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‡ M1, M2, M3 are the total no. of ants in each colony in 3 different cases 















































































































































































































































































































































































































































































The following inferences were drawn from the data obtained in Table 3: 
x The computational time for the networks N1 to N6, when 4 ants (M2) were considered in each colony, is 
considerably good apart from the solutions being decent in quality. 
x As the network size increases, the quality of the solutions worsens in the worst case scenario of 1 ant in the 
networks N1 to N5. 
x The ‘M1’ number of ants given to the networks N1 to N6 are sufficient in number and hence the % Gap for most 
of those problem instances is under 10% 
x For the networks N7, N8 and N9, the given ‘M1’ number of ants were insufficient due to their large problem 
sizes and this insufficiency of ants is reflected in the % Gap obtained. 
x Even for small size networks like N1 and N2, the quality of solutions obtained using just an ant (M3) in each 
colony is quite poor due to the insufficiency of ants. 
6. Scope for further work 
6.1. Alternate heuristic for CMP similar to Modified ACO 
Total number of combinations can also be reduced without decreasing the total number of ants in each ant colony. 
After the calculation of tour lengths of ants of all colonies, only the top 4 to 5 ants which have the least tour lengths 
in their respective ant colonies are selected from each colony and combinations are taken for only those ants rather 
than considering all the ants present. Trial updating is done in the same way as performed in the Modified ACO. This 
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process is continued in every cycle and the solutions obtained by this procedure are quite encouraging and provides 
more scope to explore further in the elimination of redundant combinations. 
6.2. Alternate trial updating 
In the proposed algorithm, after the generation of all combinations, the best combination has to be identified for 
which the combinations are to be stored. Instead if the trial updating is done for every combination, unlike in the 
modified ACO, less working memory is required as the storage of combinations can be avoided, as a result computers 
with limited processor speed and RAM can handle the data efficiently. In this method, the combinations can be 
generated in a regular manner or can be generated randomly and the trail is updated in the following way, which also 




 ck ckij ij
all combinations
W W'  '¦  

ܩ௖ is calculated for each combination and accordingly ο߬Ԣ௜௝௖௞ are computed. 
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When the value of ܩ௖ is positive, a negative value is given to acknowledge the fact that the edges along which the 
violation of constraints occur must be less preferred to traverse when compared to the so far untraversed edges. As 
the value of ܩ௖ increases due to more conflicts/overtaking, more quantity of trail is reduced along those edges. 
7. Discussion and concluding remarks 
The proposed meta-heuristic which is based on ACO provides great results for problems of low network sizes both 
in the quality of solutions and the computational time. It could have produced solutions for larger network sizes at 
similar high standards provided the availability of powerful computers with higher RAM capacity. Nevertheless the 
combinations could be reduced for problems of larger network sizes as stated above but may not always yield solutions 
of such high quality. For the networks N7, N8 and N9 the programs were run at insufficient number of ants resulting 
in the decrease of quality of solutions. The computational time for large size problems could be improved by using a 
processor of high capacity and also by terminating the programs when the solutions converge as stated before. 
Problems of smaller network sizes are easily handled by regular computers but for larger network sizes, powerful 
processors are required, otherwise either the computational time or the quality of the solution generated is to be 
compromised due to the insufficiency of ants. Hence, a high performance system can yield much better results both 
in terms of computational time and the quality of solution. 
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